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Mining Characteristic Relations Bind to RNA
Secondary Structures
Qingfeng Chen and Yi-Ping Phoebe Chen, Senior Member, IEEE
Abstract—The identification of RNA secondary structures has
been among the most exciting recent developments in biology and
medical science. It has been recognized that there is an abundance
of functional structures with frameshifting, regulation of transla-
tion, and splicing functions. However, the inherent signal for sec-
ondary structures is weak and generally not straightforward due
to complex interleaving substrings. This makes it difficult to ex-
plore their potential functions from various structure data. Our
approach, based on a collection of predicted RNA secondary struc-
tures, allows us to efficiently capture interesting characteristic rela-
tions in RNA and bring out the top-ranked rules for specified asso-
ciation groups. Our results not only point to a number of interesting
associations and include a brief biological interpretation to them.
It assists biologists in sorting out the most significant characteristic
structure patterns and predicting structure–function relationships
in RNA.
Index Terms—Association group, function, H-pseudoknot, prob-
ability matrix, secondary structure.
I. INTRODUCTION
S ECONDARY structures are viewed as essential elementsof the topology of many structural RNAs. They have been
found in most organism and comprise functional domains within
ribozymes, self-splicing introns, ribonucleoprotein complexes,
viral genomes, and many other biological systems [1].
A number of new classes of functional RNA structures such
as snoRNAs and riboswitches, have been reported [2]. Recent
studies indicate that they perform many important regulatory,
structural, and catalytic roles in the cell. For example, rRNA is
the catalytic component of the ribosomes, and miRNA can block
the mRNA from being translated, or accelerate its degradation.
Further, many reports indicate that the transactional complexity
of mammalian genomes has been significantly underestimated.
As described in [3], a large class of ncRNAs (noncoding RNAs)
such as rRNAs and tRNAs, share characteristic structures that
are functional and hence are well conserved through evolution.
They may constitute a critical hidden layer of gene regulation
in higher organisms. It is suggested that perhaps a large fraction
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of the significance of RNA secondary structures are currently
unrevealed. Thus, it is critical to mining the predicted RNA
secondary structure data for finding structure–function relation-
ships in RNA.
To perform diverse functions, the nucleotide sequence of
RNA forms a variety of complex three-dimensional structures.
One of the most prevalent structures adopted by RNA molecules
is a commonly-occurring structural motif known as the pseudo-
knot, which performs varied roles in biology such as efficient
frameshifting in many retroviruses. The secondary structure of
an RNA shows a tree like shape that comprises various loops
and stack regions. The variation of the size of stems and loops
and their base composition lead to a diverse set of functions.
Thus, the understanding of the base pairing pattern of the stems
and loops provides better insight into the potential structure–
function relationships.
Many studies have been put into predicting the secondary
structure from the nucleotide sequence. The prediction of RNA
secondary structures [4] mainly consists of comparative RNA
analysis [5] and approximating the free energy of any given
structure [6], such as the techniques using the Tinoco model [7].
Recently, there have been many computational methods devel-
oped to efficiently identify functional RNA structures by using
comparative genomic. They present a characteristic substitution
pattern in their stem-paring regions such that only substitutions
that maintain the pairing capability between paired bases will be
allowed in evolution [5], [8]. However, the constraint on nested
secondary structures is usually applied. The problem of RNA
structure prediction attributes to not only inaccurate thermody-
namic parameters but also pseudoknot formation.
PseudoBase is the only database that includes the sequential,
structural and functional information of RNA pseudoknots. The
methods to analyze the pseudoknot data mostly focus on in-
creasing the prediction accuracy of RNA secondary structures,
whereas the methods for the characterization of secondary struc-
tures are underdeveloped. Data mining is the identification of
implicit, unknown, and potential interesting information from
data. The technologies have been widely used to analyze various
biological datasets [9], [10]. In particular, the method proposed
in [11] can identify quantitative association rules by partition-
ing the domain of multivalued variables into intervals. Several
attempts have been made to mine biological databases using
association rule mining [10], [12]. Earlier investigations mainly
focus on discovering an association between the gene expres-
sion, genetic pathways, and protein–protein interaction.
In this paper, association rule mining is applied to identify
the characteristic relations in RNA secondary structures with
respect to base composition, function, and organisms. The rules
1089-7771/$26.00 © 2009 IEEE
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are divided into different groups and only the top-ranked rules
are derived for each group. The dataset from PseudoBase [13]
is used and a schema is presented to partition the quantita-
tive attributes. The identified distributions (sizes and nucleotide
composition) of stems and loops account for the reproduction
of various pseudoknots. Further, the ratios between stems and
loops imply the role of pseudoknot in the promotion of function
efficiency.
II. MATERIALS AND METHODS
A. Partition of Attributes
After sorting out some reductant records, a dataset consisting
of 225 H-pseudoknots is obtained. The partition of domain of
categorical attributes class, stem, loop, base, and ratio includes
class = {vr, vt, vf, v3, v5, vo, rr, mr, tm, ri, ap, ot, ar}, stem =
{S1 , S2}, loop = {L1 , L2 , L3}, base = {A, C, G, U}, ratio
= {S1 /S2 , L1 /L3 , S1 /L1 , S2 /L1 , S1 /L3 , S2 /L3}. The abbrevi-
ation vr, vt, vf, v3, v5, vo, rr, mr, tm, ri, ap, ot and ar, denote
viral ribosomal readthrough signals, viral tRNA-like structures,
viral ribosomal frameshifting signals, other viral 3′-UTR, other
viral 5′-UTR, viral others, rRNA, mRNA, tmRNA, ribozymes,
aptamers, artifical molecules and others, respectively; S1 , S2 ,
L1 , L2 , and L3 represent stem 1, stem 2, loop 1, loop 2, and
loop 3, respectively; and A, G, C, and U represent base adenine,
guanine, cytosine, and uracil, respectively.
Definition 2.1: Suppose a quantitative attribute y is divided
into a set of intervals {y1 , . . . , yn} (called base intervals) using
the categorical item xi such that for any base interval yj , either
yj consists of a single value or yn contains one or all the point
values between max(xi) (maximum of xi) and the closest point
value c to max(xi) whose number is larger than 0:
1) |yi | = 1, 1 ≤ i ≤ n − 1, |yn | ≥ 1, min(yn ) = c, max(yn )
= max(xi); and
2) for ∀ l = k, and 1 ≤ l, k ≤ n, yl ∩ yk = ∅.
Note, the values of ratio attribute are nonzero real number
rather than integers. Thus, the condition |yi | = 1 in Definition
2.1 can be regulated to |yi | = 1 or |yi | = 0.5. This aims to
avoid missing interesting knowledge.
Suppose y1i , . . . , and ymi represent the partition using the
categorical item xi in ascending order of their maximum sizes.
The partition starts from the categorical item that has the min-
imum of their maximum sizes, and integrates it with next one
until all items are gone through. The partition using xi is de-
fined as {(max(y1i), max(y2i)], . . . , (max(ym−1i), max(ymi)]}.
According to Definition 2.1, the partition of stem 1 is {0, (0,
1], (1, 2], (2, 3], (3, 4], (4, 5], (5, 6], (6, 7], (7, 8], (8, 9], (9,
10], (10, 11], (11, 12], (12, 13], (13, 14], (14, 15], (15, 16], (16,
17], (17, 18], (18, 19], (19, 22]}. Thus, the remaining partition
of stem 2 is (22, 33], where 33 denotes the maximum size of
stem 2. Thus, the integration of their partition becomes {0, (0,
1], (1, 2], (2, 3], (3, 4], (4, 5], (5, 6], (6, 7], (7, 8], (8, 9], (9,
10], (10, 11], (11, 12], (12, 13], (13, 14], (14, 15], (15, 16], (16,
17], (17, 18], (18, 19], (19, 22], (22, 33]}. Note there might be
more than one categorical item that has equal maximum size
with one another. In this extreme case, it will be reported to
the user, rather than selecting them randomly. The partition
scheme of length in this study adopts the point-based decom-
position of quantitative attributes because the size of stems and
loops only peaks at limited points.
B. Rule Groups
The obtained partitioned attribute variables are used to gen-
erate the conditional probabilities for any two variable items,
X and Y in the matrix. The conditional probability of Y = b,
given X = a, is defined as p(Y = b|X = a) = p(X = a|Y =
b) * p(Y = b)/p(X = a). Thus, we have
MY |X =


p(y1 |S1) p(y2 |S1) . . . p(yn |S1)
p(y1 |S2) p(y2 |S2) . . . p(yn |S2)
p(y1 |L1) p(y2 |L1) . . . p(yn |L1)
p(y1 |L3) p(y2 |L3) . . . p(yn |L3)

 . (1)
In the similar manner, some matrixes with respect to the
associations of organisms can be generated
MY |X =


p(y1 |vr) p(y2 |vr) . . . p(yn |vr)
p(y1 |vt) p(y2 |vt) . . . p(yn |vt)
. . . . . . . . . . . .
p(y1 |ot) p(y2 |ot) . . . p(yn |ot)
p(y1 |ar) p(y2 |ar) . . . p(yn |ar)


. (2)
As mentioned earlier, there must be enough point pairs (xi ,
yj ) in the conditional probability matrix MY |X that satisfies
the conditions of valid rules. In contrast to traditional minimum
confidence, this paper allows users to have the ability to control
the number of rules in each rule group.
Suppose MY |X corresponding to an association AS consists
of a set of rows {r1 , . . . , rn}. Let A = {A1 , . . . , Am} be the
complete set of antecedent items of AS, and C = {C1 , . . . , Ck}
be the complete set of consequent items of AS, then each row
includes an antecedent item from A and a set of consequent
items from C. Given a row ri , we define point-pairs support set
(PS) as the set of point pairs whose conditional probabilities are
not equal to zero, namely, PS(x) = {(x, yj ) |yj ∈ C, p(yj |x) =
0}.
Definition 2.2 (Rule group): Let Gx = {x → Cj | (x, Cj )
∈ PS(x)} be a rule group with an antecedent item x and a
consequent support set C.
It is observed that the rules from different rule groups might
have different supports and confidences. Moreover, there might
be different numbers of valid rules derived from different
groups. The top-k covering rule groups are thus applied to en-
capsulate the most significant association of the dataset while
enabling users to control the number of rules in a convenient
manner.
Definition 2.3: Top-k covering rule group is the subset of the
union of rule groups where 1 ≤ k ≤ kmax and kmax is the upper
bound of the number of rules we would like to find. If p(Yi |X)
> p(Yj |X), X → Yi has higher priority than X → Yj . A rule is
of interest if, and only if, it is in the top-k covering rule group.
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Fig. 1. Distribution of size. (a) Distribution of top stem lengths. (b) Distribu-
tion of top loop lengths.
Fig. 2. Distribution of adenine and guanine. (a) Distribution of adenine.
(b) Distribution of guanine.
III. EXPERIMENTS
A. Rule Group Generation
To identify top-k covering rule group, we need to set up the
values of parameters. According to the assumed associations,
kmax1 = 46 is the maximum of k of the size domain. Accord-
ing to Definition 2.1, we have kmax2 = 8 for the association
of base composition. In the similar way, we have kmax3 = 27
for the association of ratios between stems or loops. We can
obtain different numbers of rule by regulating the values of
k1 ≤ kmax1 , k2 ≤kmax2 , and k3 ≤kmax3 . The valid rules are
determined by k1 , k2 , or k3 in combination with minimum
supports minsupp that specify the minimum frequencies of oc-
curring associations [11]. In practice, we can vary minsupp and
k and observe their difference. For simplicity, k = 4 is used
herein, and we focus on discussing the different results by alter-
ing minsupp. By comparison, we observe that there is no sharp
drop in rule output when assigning the minsupp from 0.1 to 0.2.
Thus, the corresponding results by 0.1 in contrast to the results
by 0.2 are selected in the following analysis.
The distributions of lengths of stem 1 and stem 2, and loop 1
and loop 3 are shown in Fig. 1(a) and (b), respectively, which not
only demonstrate the previous results in [1] and provide more
accurate and intuitive understanding to them. The distribution
of base composition can be seen in Figs. 2(a) and (b), and 3(a)
and (b). The detailed interpretation for the identified rules are
presented in Section III-C. Furthermore, the significant ratios
with respect to stems and loops indicate structure features of
RNA. They have not been reported before and may imply an
important role of RNA pseudoknots in prompting the efficiency
of varied functions. As for the other rule groups, such as the
rules regarding pseudoknot functions, the details can be seen in
the following interpretation.
Fig. 3. Distribution of cytosine and uracil. (a) Distribution of cytosine.
(b) Distribution of uracil.
Fig. 4. Frequent patterns by using different minsupp.
B. Performance Evaluation
Many algorithms can be used for association rule mining,
such as support-confidence framework and FP tree [11]. There
are many extensions or adaptions from the previous methods.
Further, they are classified into quantitative association rule and
qualitative association rule for different purposes. Nevertheless,
not all of them can deal with top-ranked rule group and use
discretization to divide the attribute values. A data partition
schema is proposed in [11], whereas it cannot identify the top-k
rules. In contrast, a top-k rule mining algorithm is presented
in [10], whereas it does not provide solution to partition the
attribute values. Thus, an algorithm for association rule mining
is presented in this paper by combining their ideas.
A performance comparison is conducted between our miner
(kTOP) (top-k: yes, CPU time(s): [4.5, 385]) and algo-
rithms Local Causal Discovery (LCD) and Probability Partition
Matrix (PPM) ((top-k: yes, CPU time(s): [11.5, 406])). In the
comparison, we identify the rules regarding the lengths of
stems and loops using a dataset OPMV from PseudoBase at
http://www.deakin.edu.au/∼qifengch/rna/dcomp.zip. Note all
possible rules in theory are included in the comparison. Some of
them can be pruned if the minimum support or k is applied. Fig. 4
presents the derived frequent patterns using different minimum
supports. The comparison shows that kTOP has better perfor-
mance than LCD and PPM methods, and can still have a short
process for a small minimum support.
C. Interpretation
The association rules by 0.1 (minimum support) and 4 (num-
ber of top covering rule) in Table II are a subset of the originally
derived rules. Further, several significant ratios regarding stems
and loops are reported. For example, the rules in Table I shows
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TABLE I
EXAMPLE OF RULE GROUPS OF CLASSES
TABLE II
SELECTED RULES FROM THE DERIVED RULE GROUPS
that in most of cases, the number of nucleotides of pseudoknot
of mRNA may peak at 6 base pairs. In the similar manner, the
remaining rules in Table II can be interpreted.
The rules about AS1 and AS2 demonstrate previous work in
a more comprehensive and accurate way. Especially, the rules
(AS3 , AS4 , and AS5) that were unknown previously are high-
lighted, and specific comparisons are conducted between stems,
between loops, and between different classes, respectively.
Some derived rules indicate there are discrepant leading num-
bers of nucleotides between stem 1 and stem 2, and between loop
1 and loop 3. These characteristics (asymmetry) may arise from
the difference in tertiary interactions between stems and loops.
The difference of the sizes of stems and loops, as well as the
types of interaction between them, mean that pseudoknots rep-
resent a structurally diverse group. It is corresponding that they
play diverse roles in biology such as forming the catalytic core
of various ribozymes [14] and self-splicing introns [15], and
altering gene expression of many viruses by inducing riboso-
mal frameshifting [16]. The comparison between rules can be a
supplement to demonstrate the difference between stem 1 and
stem 2. The rules with respect to base composition can be seen
in Figs. 2 and 3. It is observed that there is apparent biases of
base composition in the loops of H-pseudoknots. The facts of
adenine-rich in loop 3 and uracil-rich in loop 1 is coherent with
the results of [1], [17], respectively.
The rules in Table II are novel and can be classified into
two categories in terms of different purposes. Rules 1 and 2
describe the correlations between pesudoknot categories and
the size of stems. Rules 3, 4, 5, and 6 describe the associations
between pseudoknot classes and the base composition in stem 1.
Especially, the associations between size and class and between
base composition and class, and the ratios between stems or
loops have not been reported by previous pseudoknot studies.
Table II shows that the pseudoknots of other viral 3′-UTR
favor three base pairs, six base pairs, one base pair, and three
base pairs in stem 1, stem 2, loop 1, and loop 3, respectively.
Such rules can be viewed as a secondary evidence in determin-
ing pseudoknots’ categories, predicting the size distribution of
specific class of pseudoknots and understanding the association
between structure and function. Looking at its dependencies re-
garding base composition, they show that stem 1 of other viral
3′-UTR has a high percentage of guanine rather than adenine,
cytosine, and uracil. Although the other viral 3′-UTR has the
same percentages of uracil and cytosine as guanine, the support
of guanine in the dependency is a little higher than the percent-
age of uracil and cytosine in stem 1. Thus, we determine that
the stem 1 of other viral 3′-UTR is guanine rich. The observa-
tion is consistent with reports that G + C-rich stem 1 present
resistance to chemical cleavage. This makes stem 1 appears to
be remarkably stable. On the other hand, there is a preference
for the G-bases in the 5′-arm of the stem [18] and a number
of the pseudoknots with G-rich stretch may be more effective
in frameshifting. Looking at the dependencies regarding base
composition of loops, we cannot obtain the rules between L1
and adenine and between L1 and cytosine due to low support
from current dataset.
We also find some dependencies of viral tRNA-like structure.
It peaks at three base pairs of stem 1 and three base pairs of loop 3
as other viral 3′-UTR, whereas it favors 3 base pairs of loop 1
and 5 base pairs of stem 2. As to the base composition of vi-
ral tRNA-like structure, it has a high percentage of cytosine of
stem 1, high percentage of uracil of stem 2, high percentage of
uracil of loop 1, and high percentage of adenine of loop 3. As
mentioned earlier, stem 1 is stabilized due to abundant G−C
base pairs. A stable pseudoknot structure is important for both
amino-acylation and transcription. Moreover, G+C rich stem 1
rather than A–U rich may increase the transcription efficiency.
It was reported that the mutation in stem 1 by changing specific
G–C base pair into an A–U base pair reduced the transcription
efficiency [19]. These features may help explain the reports of
flexible tertiary contacts between stems and loops. Thus, the re-
sults in this paper not only discover the structural properties of
RNA pseudoknots in specific organisms, but also aid in under-
standing structure–function relationships in RNA molecules.
These observations also indicate that RNA pseudoknots are
critical for specific protein binding. A number of proteins such
as gene 32 protein and the ribosomal protein S15 bind to a
pseudoknot in its mRNA, which result in autoregulation [20].
According to the rule groups of mRNA, we can see G + C-
rich is prevalent. Usually, the major loop is likely to be flexible.
However, the stable structures with a structured major loop also
indicates the possibility that it can fold in a precise pattern
when in contact with a protein. This may imply a motif in the
pseudoknot that may show to interact with specific mRNA. For
example, the CUGGG motif in the human prion pseudoknot
was also found in the loop of HIV TAR RNA have been proved
to interact with human prion mRNA. Moreover, the structural
flexibility (flexible loop and neutral interaction) at helical junc-
tions due to U-rich loop 1 and A-rich loop 3 may be important
for proper telomerase function and regulation and for regulating
protein binding.
In particular, Table II presents some novel and significant
ratios of stems and loops, which may have relation to functions.
We observe that the ratio of S1 /L1 peaks at the interval [1, 2). Its
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number decreases in the consequent intervals. This phenomenon
can be seen in both frameshifting-related and translation control-
related RNA pseudknots. We also observe similar discipline
with respect to S2 /L1 , S1 /L3 , and S2 /L3 . As we know, the
folding of an RNA pseudoknot requires that loops span the
helix of stems. If we altered the length of stem 1 or loop 1, it
is possible that the consequent change in ratio of stem length to
stem helix length may have an effect on function efficiency. A
further understanding of these ratios needs to be demonstrated
by future biological experiments.
Furthermore, we may predict some novel correlations in terms
of the obtained association rules. For example, if we observed
that some pseudoknots whose stem 1 peaks at three base pairs
are often connected to a specific function such as splicing, the
newly generated association rules can be used to complement the
prediction of pseudoknots’ functions. We may also determine
the function of pseudoknots in terms of a collection of rules. For
example, if we found a pseudoknot whose stem 1 is cytosine
rich and favors 20%–30% percentage of adenine, it may be
translational regulation relevant. In practice, we may need to
consider the composition of other bases (other relevant rules)
together to enhance its reliability.
IV. CONCLUSION AND DISCUSSION
A number of RNA structures have been found to play impor-
tant regulatory, structural, and catalytic roles in cell. In partic-
ular, recent evidences of ncRNA in the evolution and develop-
ment programming of complex organisms RNA may perform
many unexpected functions and participate many complex gene
regulations that have been unknown to us.
As an important functional structure, pseudoknot is more
highly constrained by nonlocal base pairs and presents specific
three dimensional geometries. Such nonlocal contacts make
pseudoknot problem nondeterministic polynomial time (NP)
complete. Traditional association rule mining has been widely
and successfully used to identify frequent patterns from general
datasets. It has been argued that the former mining approach
depended on two thresholds and a conditional probability ma-
trix can be helpful for association studies due to its impressive
expressiveness. However, if the item variable X impacts on
variable Y at only a few point values, item-based association
mining and quantitative association rule mining may be more
appropriate and efficient than this method.
A high dimensional dataset can result in many redundant
rules and long mining process [10], and makes it difficult for
biologists to filter out interesting information from databases.
These challenges block the analysis of the pseudoknot data. It
is easier and semantically clearer to choose k than minimum
confidence [10]. Moreover, it avoids missing interesting rules
and generating too many redundant rules.
In this paper, we analyze RNA pseudoknot data from Pseu-
doBase for extracting interesting patterns with respect to struc-
tures, functions, and classes. Top-ranked rule groups are ap-
plied to identify these characteristic relations in RNA pseudo-
knots and especially highlight the potential structure–function
and structure–class relationships in RNA molecules. Moreover,
the interpretation of rules demonstrates their significance in the
sense of biology.
Further, we attempt to combine several rules from different
rule groups together for inference of novel biological knowl-
edge. In this way, a further understanding of pseudoknot’s struc-
ture and function can be achieved. We do not identify the rules
between functions and pseudoknots in this paper. It is perhaps
that a shorter or longer stem or loop, or a stem or loop with ir-
regular base composition may make pesudoknots nonfunctional
or have reduced function efficiency. We generate new knowl-
edge by considering this interesting correlation. Extending this
idea to more complex and more realistic scenario is therefore
desirable, but it would require a larger dataset and evaluation of
their soundness.
ACKNOWLEDGMENT
Authors would like to thank Prof. W.-H. Li (University of
Chicago) for his time and useful feedback to increase the quality
of this paper.
REFERENCES
[1] D. P. Aalberts and N. O. Hodas, “Asymmetry in RNA pseudoknots: Ob-
servation and theory,” Nucleic Acids Res., vol. 33, no. 7, pp. 2210–2214,
2005.
[2] S. R. Eddy, “Non-coding RNA genes and the modern RNA world,” Nature
Rev. Genet, vol. 2, pp. 919–929, 2001.
[3] F. Jacob and J. Monod, “Genetic regulatory mechanisms in the synthesis
of proteins,” J. Mol. Biol., vol. 3, pp. 318–356, 1961.
[4] M. Zuker and P. Stiegler, “Optimal computer folding of large RNA se-
quences using thermodynamics and auxiliary information,” Nucleic Acids
Res., vol. 9, no. 1, pp. 133–148, 1981.
[5] J. Ruan, G. D. Stormo, and W. X. Zhang, “An iterated loop matching ap-
proach to the prediction of RNA secondary structures with pseudoknots,”
Bioinformatics, vol. 20, no. 1, pp. 58–66, 2004.
[6] I. Tinoco, P. N. Borer, B. Dengler, M. D. Levine, O. C. Uhlenbeck,
D. M. Crothers, and J. Gralla, “Improved estimation of secondary struc-
ture in ribonucleic acids,” Nature New Biol., vol. 246, no. 150, pp. 40–41,
1973.
[7] R. B. Lyngso, M. Zuker, and C. N. S. Pedersen, “Fast evaluation of internal
loops in RNA secondary structure prediction,” Bioinformatics, vol. 15,
no. 6, pp. 440–445, 1999.
[8] S. J. Zhang, B. Haas, E. Eskin, and V. Bafna, “Searching genomes for
noncoding RNA using FastR,” IEEE/ACM Trans. Comput. Biol. Bioinf.,
vol. 2, no. 4, pp. 366–379, Oct./Dec. 2005.
[9] Q. F. Chen and Y. P. P. Chen, “Mining frequent patterns for AMP-activated
protein kinase regulation on skeletal muscle,” BMC Bioinf., vol. 7, no. 394,
pp. 1–14, 2006.
[10] G. Cong, K. L. Tan, K. H. Anthony, T. Xin, and X. Xu, “Mining top-
K covering rule groups for gene expression data,” in Proc. 2005 ACM
SIGMOD Int. Conf. Manag. Data, pp. 670–681.
[11] C. Q. Zhang and S. C. Zhang, Association Rule Mining: Models and Algo-
rithm. (Lecture Notes in Artificial Intelligence 2307). Berlin, Germany:
Springer-Verlag, 2002.
[12] Q. F. Chen, Y. P. P. Chen, and C. Q. Zhang, “Detecting inconsistency
in biological molecular databases using ontology,” Data Mining Knowl.
Discov., vol. 15, pp. 275–296, 2007.
[13] F. H. van Batenburg, A. P. Gultyaev, and C. W. Pleij, “PseudoBase: Struc-
tural information on RNA pseudoknots,” Nucleic Acids Res., vol. 29,
no. 1, pp. 194–195, 2001.
[14] T. Rastogi, T. L. Beattie, J. E. Olive, and R. A. Collins, “A long-range
pseudoknot is required for activity of the Neurospora VS ribozyme,”
EMBO J., vol. 15, no. 11, pp. 2820–2825, 1996.
[15] P. L. Adams, M. R. Stahley, A. B. Kosek, J. Wang, and S. A. Strobel,
“Crystal structure of a self-splicing group I intron with both exons,” Na-
ture, vol. 430, no. 6995, pp. 45–50, 2004.
[16] L. X. Shen and I. Tinoco, “The structure of an RNA pseudoknot that
causes efficient frameshifting in mouse mammary tumor virus,” J. Mol.
Biol., vol. 247, no. 5, pp. 963–978, 1995.
CHEN AND CHEN: MINING CHARACTERISTIC RELATIONS BIND TO RNA SECONDARY STRUCTURES 15
[17] P. L. Nixon and D. P. Giedroc, “Energetics of a strongly pH dependent
RNA tertiary structure in a frameshifting pseudoknot,” J. Mol. Biol.,
vol. 296, pp. 659–671, 2000.
[18] E. B. ten Dam, C. W. A. Pleij, and L. Bosch, “RNA pseudoknots: Transla-
tional frameshifting and readthrough on viral RNAs,” Virus Genes, vol. 4,
pp. 121–136, 1990.
[19] B. A. L. M. Deiman, R. M. Kortlever, and C. W. A. Pleij, “The role
of the pseudoknot at the 3′ end of turnip yellow virus RNA in minus-
strand synthesis by the viral RNA-dependent RNA polymerase,” J. Virol.,
vol. 71, no. 8, pp. 5990–5996, 1997.
[20] Links Y. Shamoo, A. Tam, W. H. Konigsberg, and K. R. Williams, “Trans-
lational repression by the bacteriophage T4 gene 32 protein involves spe-
cific recognition of an RNA pseudoknot structure,” J. Mol. Biol., vol. 232,
no. 1, pp. 89–104, 1993.
Qingfeng Chen received the B.Sc. and M.Sc. de-
grees in mathematics from Guangxi Normal Univer-
sity, Nanning, China, in 1995 and 1998, respectively,
and the Ph.D. degree in computer science from the
University of Technology Sydney, Sydney, N.S.W.,
Australia, in September 2004.
He is currently a Research Fellow at Deakin Uni-
versity, Melbourne, Vic., Australia. His current re-
search interests include bioinformatics, data mining,
and artificial intelligence. He has authored or coau-
thored 35 refereed papers and one monograph by
Springer, including Data Mining and Knowledge Discovery. He has been an
Associate Editor of the Engineering Letters.
Dr. Chen is the recipient of the Best Paper Award at the Eighth Pacific Rim
International Conference on Artificial Intelligence, New Zealand, 2004 for his
paper Dealing With Inconsistent Secure Message. He is the author or coauthor
of the IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING. He has
been the Cochair of two international conferences.
Yi-Ping Phoebe Chen (SM’07) received the
B.Inf.Tech. and Ph.D. degrees in computer science
from the University of Queensland, Brisbane, Qld.,
Australia.
She is currently an Associate Professor at Deakin
University, Melbourne, Vic., Australia, where she is
the Director of the Bioinformatics Group, and the
Chief Investigator of the ARC Centre in Bioinformat-
ics and the Head of the Multimedia Stream. Her cur-
rent research interests include bioinformatics, mul-
timedia databases and technology, Web information
systems, machine learning, and data mining. She is the recipient of 23 research
grants (including 12 prestigious Australia Research Council grants). She has au-
thored or coauthored more than 130 refereed publications, including the Nucleic
Acids Research, the BMC Genomics, the BMC Bioinformatics, the Data Mining
and Knowledge Discovery, the ACM Transactions on Multimedia Computing,
Communications and Applications, etc. She is an Associate Editor for a number
of journals.
Dr. Chen is the Chair of the Steering Committee of Asia Pacific Bioinfor-
matics Conference (founder) and Multimedia Modelling.
